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Abstract

In this paper, we extend an existing para-
graph retrieval approach t@hy-question
answering. The starting-point is a system
that retrieves a relevant answer for 73%
of the test questions. However, in 41%
of these cases, the highest ranked relevant
answer is not ranked in the top-10. We
aim to improve the ranking by adding a re-
ranking module. For re-ranking we con-
sider 31 features pertaining to the syntactic
structure of the question and the candidate
answer. We find a significant improvement
over the baseline for both success@10 and
MRR@150. The most important features
for re-ranking are the baseline score, the
presence of cue words, the question’s main
verb, and the relation between question fo-
cus and document title.

Introduction

In the present paper, we implement a simi-
lar paragraph retrieval approach and extend it by
adding a re-ranking module based on structural lin-
guistic information. Our aim is to find out whether
syntactic knowledge is relevant for discovering re-
lations between question and answer, and if so,
which type of information is the most beneficial.

In the following sections, we first discuss related
work (section 2). In sections 3 and 4, we introduce
the data that we used for development purposes
and the baseline retrieval and ranking method that
we implemented. In section 5, we present our re-
ranking method and the results obtained, followed
by a discussion in section 6, and directions for fur-
ther research in section 7.

2 Related work

A substantial amount of work has been done in
improving QA by adding syntactic information

(Tiedemann, 2005; Quarteroni et al., 2007; Hi-
gashinaka and Isozaki, 2008). All these studies
show that syntactic information gives a small but

Recently, some research has been directed at pra@nificant improvement on top of the traditional
lems involved inwhy-question answeringny: —Pag-of-words (BOW) approaches. _
QA). About 5% of all questions asked to QA The work of (Higashinaka anq Isozak!, 2008)
systems arevhy-questions (Hovy et al., 2002). focuses on the problem of ranking c_andldate an-
They need a different approach from factoid quesier paragraphs for Japaneggy-questions. They
tions, since their answers cannot be stated in a sifitd & success@10 score of 70.3% with an MRR
gle phrase. Instead, a passage retrieval approggh0-328. They conclude that their system for
seems more suitable. In (Verberne et al., 2008jaPanese is the best-performing fully implemented
we proposed an approachudy-QA that is based WNyQA system. In (Tiedemann, 2005), passage
on paragraph retrieval. We reported mediocre pefétrieval for Dutch factoid QA is enriched with
formance and suggested that adding linguistic irsyntactic |r_1format|on from d_ependency structures.
formation may improve ranking power. The baseline approach, using only the BOW, re-
sulted in an MRR of 0.342. With the addition of
(© Suzan Verberne, 2008. Licensed under @reative syntactic structure, MRR improved to 0.406.

Commons Attribution-Noncommercial-Share Alike 3.0 Un- . .
ported license (http://creativecommons.org/licenses/by-nc- The work by (Quarteroni et al., 2007) consid-

sa/3.0/). Some rights reserved. ers the problem of answering definition questions.
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They use predicate-argument structures (PAS) fohe paragraphs retrieved, we use the QAP algo-
improved answer ranking. Their results show thatithm created by MultiText, which has been im-
PAS make a very small contribution compared t@plemented in Wumpus. QAP is a passage scor-
BOW only (F-scores 70.7% vs. 69.3%). ing algorithm specifically developed for QA tasks
The contribution of this paper is twofold: (1) we (Buttcher et al., 2004). For each question, we re-
consider the relatively new problemwhy-QA for  trieve and rank the top 150 of highest scoring an-
English and (2) we not only improve a simple passwer candidates.
sage retrieval approach by adding syntactic infor- )
mation but we also perform extensive feature s¢t-2 Evaluation method
lection in order to find out which syntactic featured-or evaluation of the results, we perform manual
contribute to answer ranking and to what extent. assessment of all answers retrieved, starting at the
highest-ranked answer and ending as soon as we
3 Data encounter a relevant answefThen we count the

, _ proportion of questions that have at least one rele-
As data for developing and testing our Systém nt answer in the top n of the results for= 10

for why-QA, we use the Webclopedia question selndn — 150, giving us success@10 and suc-

by (Hovy et al., 2002). This set contains quesgass@ 150, For the highest ranked relevant answer
tions that were asked to the online QA systemyo. o estion, we determine the reciprocal rank

answers.com BOS of these questions amny . (RR). If there is no relevant answer retrieved by
questions. As answer corpus, we use the off-ling,, system ab = 150, the RR is0. Over all ques-

Wi!(ipedia XML corpus, whi_ch qonsists of 659’388tions, we calculate the Mean RR (MRR@150).
articles (Denoyer and Gallinari, 2006). We manu- We also measure the performance of our system

ally inspect a sample of 400 of the Webclopedi%r document retrieval: the proportion of questions

why-questions. Of these, 93 have an answer in t%r which at least one of the answers in the top 10

Wikipedia corpus. Manual extraction of one rele—Comes from the reference document (success@10

vant answer for each of these questions results infglr document retrieval) and the MRR@150 for the
set of 93why-questions and their reference answe‘highest position of the reference docundent
We also save the title of the Wikipedia article in

which each of the answers is embedded, in ord&r3 Results and discussion
to be able to evaluate document retrieval together

with answer retrieval.
Table 1:Baseline results for therhy passage retrieval sys-

tem for answer retrieval and document retrieval in terms of

4 Paragraph retrieval for why-QA success@10, success@150 and MRR@150
S@10 S@150 MRR@150
4.1 Baseline method Answer retrieval 43.0% 73.1% 0.260
Document retrieval 61.8% 82.2% 0.365

We index the Wikipedia XML corpus using the

Wumpus Search Engine (Buttcher, 2007). IrJI'here are two possible directions for improving

Wumpus, queries can be formulated in the GC ur system: (1) by improving retrieval and (2) by

formgt, WhiCh. s especially geared to retrievin mproving ranking. Since success@150 is 73.1%
X.ML |tems. Since we con3|_der par_agraphs as I'Sr 68 of the 93 guestions in our set at least one
trieval units, we let the engine retrieve text frag-

¢ ked witho. didat relevant answer is retrieved in the top 150. For the
men s.mar ed withpe as (?an dale answers. . other 25 questions, the reference answer was not
We implement a baseline method for questio

o L fheluded in the long list of 150 results.
analysis in which first stop words are removed

Al o qf h In the present paper we focus on improving an-
SO, any punctuation is removed from the queséwerranking The results show that for 30.1% of

tion. What remains is a set of question content

words. Next, we automatically create a query for *We don't need to assess the tail since we are only in-
each question that retrieves paragraphs Containirlt\ﬁjs;ted in the highest-ranked relevant answer for calculating
(a subset of) these question terms. For ranking 3note that we consider as relevant all documents in which
- arelevant answer is embedded. So the relevant document with

170 this end the stop word list is used that can be founthe highest rank is either the reference document or the doc-
at http://marlodge.supanet.com/museum/ funcword.hivé  ument in which the relevant answer with the highest rank is
use all categories except the numbers and the wind embedded.
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the questiorfs a relevant answer is retrieved but5.1 Features for re-ranking

is not placed in the top 10 by the ranking algoag explained above, baseline ranking is based on
rithm. For these 28 questions in our set, re-rankings overlap. The features that we propose for
may be an option. Since re-ranking will not im-ye_ranking are also based on term overlap, but in-
prove the results for the questions for which thergieaq of considering all question content words in-
is no relevant answer in the top-150, the maximuriscriminately in one overlap function, we select a
success@10 that we can achieve by re-ranking ipset of question terms for each of the re-ranking
73.1% for answer paragraphs and 82.8% for doCyaatyres. By defining different subsets based on
ments. syntactic functions and categories, we can investi-
gate which syntactic features of the question, and
which parts of the answer are most important for
Before we can decide on our re-ranking approache-ranking.

we take a closer look at the ranking method that is The following subsections list the syntactic fea-
applied in the baseline system. The QAP algorithrtures that we consider. Each feature consists of two
includes the following variables: (1) term overlapitem sets: a set of question items and a set of an-
between query and passage, (2) passage length anger items. The value that is assigned to a feature
(3) total corpus frequency for each term (Buttcheis a function of the intersection between these two
et al., 2004). Let us consider three example quesets. For a set of question itemgsand a set of
tions from our collection to see the strengths andnswer itemsi, the proportionP of their intersec-

5 Answer re-ranking

weaknesses of these variables. tion is:
1. Why do people sneeze? P = |Q € A| t |A € Q‘ Q)
Q|+ [A]
2. Why do women live longer than men on average? . .
_ Our approach to composing the set of features is
3. Why are mountain tops cold? described in subsections 5.1.1 to 5.1.4 below. We

In (1), the corpus frequencies of the questiofabel the features using the letter f followed by a
termspeopleandsneezesnsure that the relatively number so that we can back-reference to them.
unique termsneezes weighted heawer_ for ranking 5.1.1 The syntactic structure of the question
than the very common noypeople This matches

the goal of the query, which is finding an explana- Example 2 in the previous section shows that

tion for sneezing. However, in (2), the frequencfome syntactic functions in the question may be

variables used by QAP do not reflect the impor™°" important than other functions. Since we do

tance of the terms. Thusiomen live, longerand not know as yet which syntactic functions are the

averageare considered to be of equal importancer,nOSt important, we include both heads (f1) and

while obviously the latter term is only peripheral tomOd'f'erS (f2) as item sets. We also include the

the goal of the query. This cannot be derived fropfour main syntactic constituents fahy-questions:

its corpus frequency, but may be inferred from it§Ubje9t (1), main verb (f6), nominal predicqte (f8)
syntactic function in the question: an adverbial or"fInd direct object (f10) to be matched against th?
sentence level. In (3)nountainandtopsare in- answer terms. For these features, we add a vari-

terpreted as two distinct terms by the baseline sy?ﬁnt where as zt;mst\_/ve]:cr |te;ns only _vvo|r d(j/%hrf???s \:cv;th
tem, whereas the interpretation wiountain tops € same syntactic function are included (f5, 17, 9,

as compound item is more appropriate. fllE)' le 3in th . i lf
Examples 2 and 3 above show that a questionr—] xamp'e | 'T N pre\;lous se;:] on ex?;np 1es
answer pair may contain more information thari'® POtential relevance of noun p rases (f3).

is represented by the frequency variables imples.1.2 The semantic structure of the question

mented in the QAP algorithm. Our aim is t0 find * The features 12 to f15 come from earlier data
out which features from a question-answer paif .\ ces that we performed. We saw that often
constitute the information that discloses a relatiof,qre is 3 link between a specific part of the ques-
between the question and its answer. Moreover, Wiy, and the title of the document in which the ref-
aim at weighting these features in such a way thalrence answer is found. For example, the answer
we can optimize ranking performance. to the question “Why did B.B. King name his gui-
473.1% — 43.0% tar Lucille?” is in the Wikipedia article with the ti-
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tle B.B. King The answer document and the quesment version of the Pelican paréand the EP4IR
tion apparently share the same topgE. King. dependency parser (Koster, 2003).
In analogy to linguistically motivated approaches Given a question-answer pair and the parse trees
to factoid QA (Ferret et al., 2002) we introduce theof both question and answer, we extract values
termquestion focusor this topic. from each parser’s output for all features in sec-
The focus is often the syntactic subject of thdion 5.1 by means of a Perl script.
question. From our data, we found the follow- Our script has access to the following external
ing two exceptions to this general rule: (1) If thecomponents: A stop word list (see section 4.1), a
subject is semantically poor, the question focus ifixed set of cue words, the CELEX Lemma lexi-
the (verbal or nominal) predicate: “Why do peo-con (Burnage et al., 1990), all WordNet synonym
ple sneez®”, and (2) in case of etymology ques-sets, and a list of pronouns and semantically poor
tions (which cover about 10% afhy-questions), nouns.
the focus is the subject complement of the pas- Given one question-answer pair, the feature
sive sentence: “Why are chicken wings calle@xtraction script performs the following actions.
Buffalo Wings?” In all other cases, the questionBased on the question’s parse tree, it extracts the
focus is the grammatical subject: ‘Why do_catsubject, main verb, direct object (if present) and
sleep so much? nominal predicate (if present) from the question.
We include a feature (f13) for matching wordsThe script decides on question focus using the
from the question focus to words from the docurules suggested in section 5.1.2. For the answer, it
ment title. We also add a feature (f12) for the reextracts the document title. From the parse trees
lation between all question words and words fronereated for the answer paragraph, it extracts all
the document title, and a feature (f14) for the relasubjects, all verbs, all direct objects, and all nomi-
tion between question focus words and all answeral predicates.
words. For each feature, the script composes the re-
quired sets of question items and answer items. All
items are lowercased and punctuation is removed.
For each of the features fl1 to f15, we add am multi-word items, spaces are replaced by un-
alternative feature (f16 to f30) covering the set ofierscores before stop words are removed from the
all WordNet synonyms for all items in the origi- question and the answer. Then the script calculates
nal feature. Note that the original words are n@he proportion of the intersection of the two sets for
longer included for these features; we only includ@ach feature following equatiorf.1
the terms from their synonym sets. For synonyms, whether or not to lemmatize the items before
we apply a variant of equation 1 in whi¢® € A|  matching them is open to debate. In the litera-
is interpreted as the number of question items th@fre, there is some discussion on the benefit of
have at least one synonym in the set of answ@smmatization for information extraction (Bilotti
items and A € Q| as the number of answer itemset al., 2004). Lemmatization can be problematic
that occur in at least one of the synonym sets of thg the case of proper names (which are not always
question items. recognizable by capitalization) and noun phrases
that are fixed expressions such sslors of old
5.1.4 Cue words . .
Noun phrases are involved not only in the NP fea-
Finally, we add a closed set of cue words thafre (f3), but also in our features involving sub-
often occur in answers twhy-questions (f31). ject, direct object, nominal predicate and question
focus. Therefore, we decided only to lemmatize
verbs (for features f6 and f7) in the current version
For the majority of features we need the syntactief our system.
structure of the input question, and for some of the For each question-answer pair in our data set,

features also of the answer. We experimented witlje extract all feature values using our script. We
two different parsers for these tasks: a develop-—
5The Pelican parser is a constituency parser that is cur-
SThese cue words come from earlier work that we did ofiéntly being developed at Nijmegen University. See also
the analysis ofvhy-answers:becausesince therefore why,  http://lands.let.ru.nl/projects/pelican/
in order to, reason reasonsdue tq cause caused causing "These are the noutsimansandpeople
called named 8A multi-word term is counted as one item

5.1.3 Synonyms

5.2 Extracting feature values from the data
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use three different settings for feature extractiorfolds: in five turns, we train the feature weights on
(1) feature extraction from gold standard confour of the five folds and evaluate them on the fifth.
stituency parse trees of the questions in accordanceWe use the feature values that come from the
with the descriptive model of the Pelican pafser gold standard parse trees for training the feature
(2) feature extraction from the constituency parseeights, because the benefit of a syntactic item
trees of the questions generated by Pefi€aand type can only be proved if the extraction of that
(3) feature extraction from automatically generitem from the data is correct. At the testing stage,
ated dependency parse trees from EP4IR. we re-rank the 93 questions using all three fea-
Our training and testing method using the exture extraction settings: feature values extracted
tracted feature values is explained in the next sefrom gold standard parse trees, feature values ex-

tion. tracted with Pelican and feature values extracted
with EP4IR. We again regard the distribution of
5.3 Re-ranking method guestions over the five folds: we re-rank the ques-

As the starting point for re-ranking we run thetiops_infold five according to the weights found by
aining on folds one to four.

baseline system on the complete set of 93 queg—
tions and retrieve 150 candidate answers per qua$y  Results from re-ranking

tion, ranked by the QAP algorithm. As described
in section 5.2, we use two different parsers. OfaPle 2 on the next page shows the results for the

these, Pelican has a more detailed descriptifAree feature extraction settings. _
model and gives better accuracy (see section 6.3 onUSing the Wilcoxon Signed-Rank Test we find
parser evaluation) but EP4IR is at present more rdlat all three re-ranking conditions give signifi-
bust for parsing long sentences and large amourfténtly better results than the baselide —1.91,

of text. Therefore, we parse all answers (93 time§ = 0-0281 for paired reciprocal ranks). The dif-
150 paragraphs) with EP4IR only. The questiongerences between .the_ f[hree re-ranking conditions
are parsed by both Pelican and EP4IR. are, however, not significatft

As presented in section 5.1, we have 31 15 5 \hich features made the improvement?
ranking features. To these, we add the score that

was assigned by QAP, which makes 32 featurdEWe plot the weights that were chosen for the fea-
tures in the five folds, we see that for some features

in total. We aim to weight the feature values in ) - ) )
such a way that their contribution to the overall/€"Y different weights were chosen in the different

system performance is optimal. We set each fe£2!ds. Apparently, for these features, the weight

ture weight as an integer between 0 and 10, whicyglues do not generalize over the five folds. In or-

makes the number of possible weighting configuder to only use reliable features, we only consider

rations1132. In order to choose the optimal Con_features that get similar weights over all five folds:

figuration from this huge set of possible configuratn€ir weight values have a standard deviatior2

tions, we use a genetic algorithh(Goldberg and @nd an average weight 0. We find that of the

Holland, 1988). The variable that we optimize dur32 features, 21 are reliable according to this def-

ing training is MRR. We tune the feature weighténition' Five of these features make a substantial
over 100 generations of 1000 individuals. For evalcontribution to the re-ranking score (table 3). Be-

uation, we apply cross valuation on five questiorl?ind each feature is its reference number from sec-
’ tion 5.1 and its average weight on a scale of 0 to

®Pelican aims at producing all possible parse trees for 0.

given sentence. A linguist can then decide on the correct parf@goreover. there are three other features that to a
tree given the context. We created the gold standard for ea !

guestion by manually selecting the correct parse tree from tlhgnited extent contribute to the overall score (table
parse trees generated by the parser. 4).

10F0r this Setting, we run the Pelican parser with the Optlol.rhlrteen Other rellable features get a Welgj']nE)
of only giving one parse (the most likely according to Pelican)

per question. As opposed to the gold standard setting, we @sSigned during training and thereby slightly con-
not perform manual selection of the correct parse. tribute to the re-ranking score.

we chose to work with a genetic algorithm becausewe
are mainly interested in feature selection and ranking. We ?The slightly lower success and MRR scores for re-
are currently experimenting with Support Vector Machinesanking with gold standard parse trees compared to Pelican
(SVM) to see whether the results obtained from using the ggparse trees can be explained by the absence of the gold stan-
netic algorithm are good enough for reliable feature selectiomlard for one question in our set.
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Table 2:Re-ranking results for three different parser settings in terms of success@10, success@150 and MRR@150.

Answer/paragraph retrieval Document retrieval
Version S@10 S@150 MRR S@10 S@150 MRR
Baseline 43.0% 73.1% 0.260 61.8% 82.8% 0.365
Re-ranking w/ gold standard parse trees 54.4% 73.1% 0.370 63.1% 82.8% 0.516
Re-ranking w/ Pelican parse trees 548% 73.1% 0.380 64.5% 82.8% 0.518
Re-ranking w/ EP4IR parse trees 53.8% 73.1%  0.349 63.4% 82.8% 0.493

Table 3: Features that substantially contribute to the re-base“ne system but it drops out of the top 10 by

ranking score, with their average weight re-ranking. On the other hand, there are 22 ques-
Question focus synonyms to doctitle (f28) 9.2 tions for which the reference answer enters the top
83:?/382,‘;‘*(;2 1S)y”°”yms to answer verbs (f22) o 9 10 by re-ranking the answers, leading to an overall
QAP 88 improvement in success@10.
Question focus to doctitle (f13) 7.8 If we take a look at the eleven questions for

which the reference answer drops out of the top
Table 4: Features that to a limited extent contribute to the-O by re-ran.klng, we see that these are all cases
re-ranking score, with their average weight where there is no lexical overlap between the ques-
SUGSE!OH Subiectlto a’(‘f""?r subjects (f5()fz3) 522; tion focus and the document title. The importance
uestion nominal predicate synonyms . . . .
Question object synonyms to answer objects (f26) 1.8 of feature§ 13 and 28 in the re-ranking weights
works against the reference answer for these ques-
_ _ tions. Here are three examples (question focus as
6 Discussion detected by the feature extraction script is under-

Our re-ranking method scores significantly bettellmed):
than the baseline, with use of a small subset of 1. Why do neutral atomisave the same number of protons
the 32 features. It reaches a success@10 score 2s electrons? (answer in ‘Oxidation number’)
of 54.8% with an MRR@150 of 0.380 for answer 2. why do flieswalk on food? (answer in ‘Insect Habitat’)
retrieval. This compares to the MRR of 0.328
that Higashinaka and Isozaki found fathy-QA
and the MRR of 0.406 that Tiedemann reaches
for syntactically enhanced factoid-QA (see secin example 1, the reference answer is outranked
tion 2), showing that our method performs reasorby answer paragraphs from documents with one of
able well. However, the MRR of 0.380 also showshe wordsneutralandatomsin its title. In example
that a substantial part of the problemvatiyQAis 2, there is actually a semantic relation between the
still to be solved. question focusflies) and the document titleir(-
sec); however, this relation is not synonymy but
hyperonymy and therefore not included in our re-
For analysis of our results, we counted for howanking features. One could dispute the definition
many questions the ranking was improved, and fasf question focus for etymology questions (exam-
how many the ranking deteriorated. First of allple 3), but there are simply more cases where the
ranking remained equal for 35 questions (37.6%}ubject complement of the question leads to doc-
25 of these are the questions for which no releaument title than cases where its subject (such as
vant answer was retrieved by the baseline systewinsconsipdoes.
atn = 150 (26.9% of questions). For these ques- _ .
tions the ranking obviously remained equal (RR i§-2 Feature selection analysis
0) after re-ranking. For the other 10 questions fowe think that the outcome of the feature selection
which ranking did not change, RR was 1 and refsection 5.5) is very interesting. We are not sur-
mained 1. Apparently, re-ranking does not affecprised that the original score assigned by QAP is
excellent rankings. still important in the re-ranking module: the fre-
For two third (69%) of the remaining questions,quency variables apparently do provide useful in-
ranking improved and for one third (31%), it deteformation on the relevance of a candidate answer.
riorated. There are eleven questions for which the We also see that the presence of cue words
reference answer was ranked in the top 10 by th#31) gives useful information in re-ranking an-

3. Why is Wisconsin called the Badger Stat@nswer in
‘Wisconsin’)

6.1 Error analysis
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swer paragraphs. In fact, incorporating the presmproving our system in the future.
ence of cue words is a first step towards recogniz- As a measure for parser evaluation, we con-
ing that a paragraph is potentially an answer to sider constituent extraction: how well do both
why-question. We feel that identifying a paragraptparsers perform in identifying and delimiting the
as a potential answer is the most salient problefiour main constituents from why-question: sub-
of why-QA, since answers cannot be recognizegkct, main verb, direct object and nominal pred-
by simple semantic-syntactic units such as namedate? As the gold standard for this experiment
entities as is the case for factoid QA. The currenve use manually verified constituents that were
results show that surface patterns (the literal pregxtracted from the gold standard parse trees. We
ence of items from a fixed set of cue words) are adapt our feature extraction script so that it prints
first step in the direction of answer selection. each of the four constituents per question. Then we
More interesting than the baseline score and cuglculate the recall score for each parser for each
words are the high average weights assigned ggnstituent type.
the features f13 and f28. These two features refer Recall is the number of correctly identified con-
to the relation between question focus and docwtituents of a specific type divided by the total
ment title. As explained in section 5.1.2, we alnumber of constituents of this type in the goldstan-
ready had the intuition that there is some relatiofard parse tree. This total number is not exactly 93
between the question focus ofwny-question and for all constituent types: only 34 questions have a
the document title. The high weights that are agdirect object in their main clause and 31 questions
signed to the question focus features show that ofiave a nominal predicate. The results of this exer-
procedure for extracting question focus is reliablecise are in Table 5.
The importance of question focus fahy-QA is
especially interesting because it is a question feaTable 5: Recall for constituent extraction (in %)
ture that is specific tavhy-questions and does not____ subjs verbs objs preds all
similarly apply to factoids or other question types. EEE%” gg_f gj}_‘g 2:’:; Zg_'g gg_'j
Moreover, the link from the question focus to the
document title shows that W'k'ped"'?‘ as an ansWllye find that over all constituent types, Peli-
source can provide QA systems with more infor-

tion th llect £ blain texts without d can reaches significantly better recall scores than
mation than a collection of plain texts without doc-- 4, ¢ — 557, P < 0.0001 using the

ument structure does. ) ) ) Wilcoxon Signed-Rank Test).

From the other features discussed in section 5'5’Although Pelican gives much better results on
we learn that all four main question constituentgqngtityent extraction than EP4IR, the results on
contribute to the re-ranking score, but that syngq re_ranking task do not differ significantly. The

onyms of the main verb make the highest contrig, ot plausible explanation for this is that the high
bution (f22). Subject (5), object (f26) and nomi-500racy of the Pelican parses is undone by the

nal predicate (f23) make a lower contribution. We,, syntactic analysis on the answer side, which
suspect that this may be due to our decision to Onjy i 5| settings performed by EP4IR.

lemmatize verbs, and not nouns (see section 5.2).
It could be that since lemmatization leads to mor& Future directions

matches, a feature can make a higher contribution _ ioned directions for i
if its items are lemmatized. In section 4.3, we mentioned two directions for im-

proving our pipeline system: improving retrieval
and improving ranking. Recently we have been
working on optimizing the retrieval module of our
We already concluded in the previous section thatipeline system by investigating the influence of
our feature extraction module is very well capabl@lifferent retrieval modules and passage segmenta-
of extracting the question focus, since f13 and f28on strategies on the retrieval performance. This
get assigned high weights by training. Howevenvork has resulted in a better passage retrieval mod-
in the training stage, we used gold standard pars#e in terms of success@150. Details on these ex-
trees. In this section we evaluate the two automatjgeriments are in (Khalid and Verberne, 2008).
syntactic parsers Pelican and EP4IR, in order to Moreover, we have been collecting a larger data
be able to come up with fruitful suggestions forcollection in order to do make feature selection for

6.3 The quality of the syntactic descriptions
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our re-ranking experiments more reliable and ledsiture directions.
depending on specific cases in our dataset. This

work has resulted in a total set of 1@®y-question

answer pairs. We are currently using this datgeferences

collection for further research into improving ourBilotti, M.W., B. Katz, and J. Lin. 2004. What works
pipeline system. better for question answering: Stemming or mor-

In the near future, we aim to investigate what ggglfgmal query expansiorroc. IR4QA at SIGIR

type of information is needed for further improv-

ing our system fowhy-QA. With the addition of Burnage, G., R.H. Baayen, R. Piepenbrock, and H. van
syntactic information our system reaches an MRR Riln- 1990.CELEX: A Guide for Users

score of 0.380. This compares to the MRR scor&suttcher, S., C.L.A. Clarke, and G.V. Cormack. 2004.
reached by other syntactically enhanced QA sys- Domain-Specific Synonym Expansion and Valida-
tems (see section 2). However, an MRR of 0.380 tion for Biomedical Information Retrieval.

also shows that a substantial part of the problemyticher, S. 2007. The Wumpus Search Engine.
of why-QA is still to be solved. We are currently  http://www.wumpus-search.org/.

investigating what type information is needed forCharniak, E. 2000. A maximum-entropy-inspired

further system improvement.. _ parser. ACM International Conference Proceeding
Finally, we also plan experiments with a number Series4:132-139.

of dependency parsers to be used instead of EP4III)F(23noyer, L. and P. Gallinari. 2006. The Wikipedia

for the syntactic ana_lysis of _the answer para- y corpus. ACM SIGIR Forum40(1):64—69.
graphs. Current experiments with Charniak (Char-

niak, 2000) show better constituent extraction thal’_ielr_relt;I O., B. ﬁr?qll-b'g'- Hucrjaxlt-\lfbllantmtz,ogz' ”||:(?U§:

: ‘o ofi : . Monceaux, |. Robba, and A. Vilnat. . Find-
ywth EP4IR. It is still to be seen whether this also ing an answer based on the recognition of the ques-
influences the overall performance of our system.  {ion focus. Proc. of TREC 2001pages 500—250.

8 Conclusion Goldberg, D.E. and J.H. Holland. 1988. Genetic Algo-
rithms and Machine LearningMachine Learning

We added a re-ranking step to an existing para- 3(2):95-99.

graph retrieval method fowhy-QA. For re- Higashinaka, R. and H. Isozaki. 2008. Corpus-based
ranking, we took the score assigned to a question Question Answering for why-Questions. Rroc. of
answer pair by the ranking algorithm QAP in the NCNLP, vol.1pages 418-425.

baseline system, and weighted it with a number qfq,y EH., U. Hermjakob, and D. Ravichandran.
syntactic features. We experimented with 31 fea- 2002. A Question/Answer Typology with Surface
tures and trained the feature weights on a set of 93 Text Patterns. Iroc. of HLT 2002

why-questions with 150 answers provided by th?(halid, M. and S. Verberne. 2008. Passage Retrieval
baseline system for each question. Feature valuesfor Question Answering using Sliding Windows. In
for training the weights for the 31 features were Proc. of IR4QA at COLING 2008

extra(?ted from gOId_ standard parse trees for ea(fa)ster, CHA. 2003. Head-modifier frames for every-
question answer pair. one. Proc. of SIGIR 2003page 466.

We evaluated the feature weights on automat- wroni. S. A Moschiti S. M dh g
R ; H - uarteront, . . oschnitt, . anandnar, an
ically parsed_qu_e_st|0n§ and answers, in five fold§? R. Basili. 2007. Advanced Structural Represen-
We found a significantimprovement over the base- tations for Question Classification and Answer Re-
line for both success@10 and MRR@150. The ranking. InProc. of ECIR 2007volume 4425, pages
most important features were the baseline score, 234-245.
the presence of c_ue words, the qugstlon’s m"’“ﬂedemann, J. 2005. Improving passage retrieval in
verb, and the relation between question focus and question answering using NLP. Proc. of EPIA

document title. 2005

We think that, although syntactic InformatlonVerberne, S., L. Boves, N. Oostdijk, and P.A. Coppen.

gives a significant improvement over baseline pas- 2008. Evaluating paragraph retrieval fahy-QA.
sage ranking, more improvement is still to be InProc. of ECIR 2008

gained from other types of information. Investi-
gating the type of information needed is part of our
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